There are many projections for China's food demand, and the projection results differ significantly from each other. Different values for income elasticities could be a major reason.
Introduction
In conjunction with rapid economic growth for more than three decades, China is experiencing significant structural changes in food consumption (Yu and Abler, 2009 ).
Understanding these changes and what they portend for future food consumption has important implications for food policy, particularly for a country with the sheer population size and GDP of China. And as an emerging economy, China's structural changes in food consumption may also carry policy lessons for other developing countries.
China has been the subject of extensive empirical studies on food demand during the past two decades using a wide range of models and data sources (e.g. Abler, 2010; Chern and Wang, 1994; Fan et al., 1994; Fan et al., 1995; Gao et al., 1996; Gould and Villarreal, 2006; Huang and Rozelle, 1998; Jiang and Davis, 2007; Lewis and Andrews, 1989; Liu, 2003; Wu et al., 1995; Yen et al., 2004; Zheng and Henneberry, 2009 ). However, the estimated demand elasticities in the literature are quite varied, and some even controversial (Abler, 2010) . For instance, the income elasticity for wheat reaches as high as 1.1 in a study by Han et al. (1997) , much greater than the -0.37 estimated by Carter and Zhong (1999) .
There are many projections for China's food demand, and the projection results often differ significantly from each other. Fan and Agcaoili-Sombilla (1997) and Yu et al. (2003) provide good reviews of these projections. Given the tight domestic food supply situation in China, and the sheer size of the population, incorrect projections could lead to inappropriate agricultural and trade policies, which could impact world food markets.
Fan and Agcaoili-Sombilla (1997) attribute projection differences for China to three factors: macroeconomic assumptions, model structure, and model parameters (demand and supply elasticities). Demand elasticities are central to projections of future food consumption, so their accuracy and credibility are important. Income elasticities are particularly important for gauging the growth of food demand in the case of China because of China's rapid rate of per capita income growth. A synthesis of existing research is needed to determine a reasonable set of estimates for these elasticities in light of the heterogeneity in estimates in the literature, and what this set of estimates implies for future food consumption in China.
This paper conducts a meta-analysis of income elasticity estimates for meat and cereal products in China, which systematically studies the heterogeneities in the elasticities. A metaanalysis is a quantitative analysis of a body of similarly related primary studies to summarize the results or evaluate the reliability of the findings (Card and Krueger, 1995) . We use a 4 meta-regression approach in which study results are regressed on key characteristics of each study (Stanley and Doucouliagos 2012) . Similar to meta-analyses of the income elasticity of demand for cigarettes (Gallet and List, 2003) , alcohol (Gallet, 2007) , meat (Gallet, 2010a) , calories (Ogundari and Abdulai, 2013) and Chinese total factor productivity (TFP) (Tian and Yu, 2012) , we use the estimated income elasticities from the primary studies as the dependent variable in the meta regressions.
Many types of food products are analyzed in the food demand literature for China.
We focus in this paper on two groups of products, cereals and meat. These are the two most important groups of food products in Chinese diets, as they are the main calorie sources (Tian and Yu, 2013; Yu, Gao and Zeng, 2014) . Statistics from the National Bureau of Statistics of China (NBSC) in the China Yearbook of Household Survey indicate that the shares of cereals and meat in total food expenditure were 8% and 20%, respectively, for urban China in 2011 and 14% and 21%, respectively, for rural China in 2011. Cereals and meat are also the two groups of food products in China for which there are the largest number of estimates of income elasticities.
As part of the meta-analysis we examine two questions pertinent to future food consumption in a country such as China that is growing economically and becoming more urbanized. First, is there a relationship between income elasticities and per capita income levels, and if there is, how do elasticities change as income grows? Second, after controlling for per capita income, is there a systematic difference in income elasticities between rural and urban households?
The rest of the paper is structured as follows: Section 2 introduces the data on income elasticities for cereals and meat demand in China; Section 3 describes the meta-regression models estimated in this paper; Section 4 outlines the variables hypothesized to explain heterogeneities in income elasticity estimates; Section 5 presents the meta-regression results; Section 6 derives projections of income elasticities based on the meta-regression results and what these projections mean for future Chinese food demand; and Section 7 contains conclusions and policy implications.
Data
A meta-analysis first needs to compile a dataset which consists of the meta variables of primary interest (income elasticity in this paper) and the characteristics that may explain heterogeneities in the meta variable. We conducted online keyword searches using Google, Google Scholar, AgEcon Search, EconLit, a USDA demand elasticity database (USDA/Economic Research Service, 2012), Web of Science, and China National Knowledge Infrastructure (CNKI). We also searched backward and forward in time for each study located-references cited by a study, and subsequent papers referencing the study in question.
We attempted to collect as many primary studies as possible, since Walker et al. (2008) pointed out that meta-analyses may suffer from selection bias due to the search criteria for primary studies. Given the focus of this paper, the primary criteria for selecting studies are those that include cereals or meat products or both. In the literature on China, "cereals" are generally defined to be all cereals, wheat, rice, and/or coarse grains, while "meat" is generally defined to be all meat, pork, beef & mutton, and/or poultry. These product categorizations are in line with those in the rural and urban household surveys conducted annually by NBSC.
There are different definitions of "income" elasticity in the literature. We can plausibly assume that household income is equal to total household expenditure in the long run, so that the correct definition of an "income" elasticity should be the demand elasticity with respect to total income (income elasticity) or total household expenditure (total expenditure elasticity). In the short run, of course, income and expenditure can differ because of savings and borrowing. For the sake of simplicity, we hereafter do not differentiate 6 between income elasticity and total expenditure elasticity, and call them both "income elasticity."
Many of the studies for China model food product demands as a function of total food expenditure or expenditure on a particular food group (e.g. meat) rather than as a function of total household income or total household expenditure. As a result, the elasticity estimates from those studies are with respect to total food expenditure or expenditure on that food group rather than with respect to total household income or expenditure. These elasticities are referred to in the literature as conditional elasticities, while elasticities with respect to total household income or total expenditure are referred to as unconditional elasticities.
Conditional elasticity estimates tend to be larger-often much larger-than unconditional elasticity estimates because the elasticity of total food expenditure or food group expenditure with respect to total income is generally less than one (Jiang and Davis, 2007) . Conditional elasticity estimates also raise concerns about endogeneity bias because many studies treat total food expenditure or food group expenditure as exogenous, whereas in fact they are household decision variables (Thompson, 2004) . Conditional elasticity estimates are hence ruled out in this research.
With these criteria, we collected 36 primary studies shedding light on cereals and meat demand in China, of which 25 are in the English language and 11 in the Chinese language. These studies yielded 143 income elasticity estimates for cereals and 240 estimates for meat products. The primary studies are listed in the appendix. Figure 1 shows the distribution of income elasticity estimates across these food categories in our dataset. The mean value for cereals is 0.39 with a standard deviation of 0.34. For the meat group, the mean is 0.63 with a standard deviation of 0.53. These statistics indicate that there are large variations in income elasticity estimates for cereals and meat that deserve further 7 investigation. They provide evidence that we should pay attention to the factors behind these variations when using them for food consumption projections.
[Insert Figure 1 about here]
Meta-Regression Models
Similar to other meta-analyses (Alston et al., 2000; Gallet, 2007 Gallet, , 2010a Tian and Yu, 2012) , we first specify a linear meta-regression model. The estimated income elasticity i E collected from the primary studies serves as the dependent variable:
X is a vector of explanatory variables discussed below,  is a vector of coefficients,  is an intercept, and i u is an error term which is assumed to follow a normal distribution. The metaregression models pool elasticity estimates for different products in order to increase degrees of freedom. Product dummy variables are included in the models, as described below.
Heteroskedasticity is a common issue in meta-regression modeling (Stanley and Doucouliagos, 2012; Nelson and Kennedy, 2009; Tian and Yu, 2012; Ogundari and Abdulai, 2013 Nelson and Kennedy (2009) , one common method for dealing with this problem is to proxy the variances using the sample sizes of the primary studies, because the variance is often negatively correlated with the sample size. Therefore, in addition to ordinary least squares (OLS), this paper also employs weighted least squares (WLS) using the primary study sample size as the weight.
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The meta-analysis literature also indicates that the meta-regression model might not be linear (Walker et al., 2008) . A Box-Cox model often serves to address this issue:
 is a parameter which indicates the specification of the functional form, including the special cases of linear (θ=1) and logarithmic (θ=0). However, the Box-Cox transformation requires positive values of the transformation variable. There are 11 negative demand elasticity estimates for cereals and 3 negative estimates for meat in our primary observations, and so these observations must be omitted from the Box-Cox models. This means that the Box-Cox estimates are conditional on the assumption that cereals and meat products are normal goods. Five estimates in the meat sample are larger than three standard deviations from the mean, and so they are also excluded from the Box-Cox models as outliers. The remaining restricted samples for the Box-Cox analyses consist of 132 observations for cereals and 232 observations for meat. For comparison purposes, we estimate the OLS and WLS models in equation (1) using both the full samples and the restricted samples. Alston et al. (2000) suggest that variation in results among primary studies can be attributed to several aspects including characteristics of the research, analysis, evaluation process, and random measurement errors. Tian and Yu (2012) classify the factors accounting for heterogeneities among primary studies into two categories: contextual factors and methodological factors. A similar categorization is adopted in this study. The contextual factors explain real differences in the results between primary studies, such as differences in food categories, locations studied, and time periods studied; while methodological factors are extrinsic to the population being studied, such as study designs and budgeting processes, demand models, estimation procedures, and the peer-review process (Nelson and Kennedy, 2009; Smith and Pattanayak, 2002) . [Insert Tables 1 and 2 about here]
Explanatory Variables

Product Differences
It is well known that income elasticities vary across food groups. For instance, necessities such as cereals usually have small income elasticities, while meat products often have higher income elasticities. Table 1 provides evidence of this: the average income elasticity for cereals is 0.39, quite smaller than the 0.63 average for the meat group. It is interesting that the mean income elasticities for group aggregates are smaller than those for specific products in that group. For instance, the mean elasticity for general cereals is 0.34, while the elasticities for wheat, rice and coarse grains respectively are 0.42, 0.49 and 0.48.
The mean elasticity for general meat is 0.53, while the values for pork, beef & mutton, and poultry respectively are 0.67, 0.54 and 0.72. In theory the income elasticity for a group should be a weighted average of the income elasticities for the products in that group. In this regard we should bear in mind that the statistics in Table 1 come from different sets of studies covering different time periods and locations. We control for product differences in the metaregression analyses using product dummy variables.
Per Capita Income
Cross-country demand studies have found that income elasticities of demand for food items generally decline as per capita income increases (Muhammad et al., 2011; Yu et al., 2003) . Among various food product categories, Muhammad et al. (2011) found that income elasticities for cereals decline the most as per capita income increases, while declines for meat products are smaller. These findings are consistent with evidence for China from Jensen and Miller (2010) on the shares of total calories from cereals and meat at different income levels. We test whether these findings hold in our dataset by including the log of per capita income as an explanatory variable in the meta-regressions. To allow for different effects of per capita income depending on the product, we include interaction terms between the log of per capita income and the product dummy variables.
Rural-Urban Differences
Consumption patterns differ between rural and urban households. Statistics from the NBSC rural and urban household surveys indicate that per capita consumption of cereals is significantly greater in rural areas than in urban areas, while the opposite is true for meat. Table 1 provides summary statistics for income elasticities for urban and rural households.
The mean income elasticity for cereals is 0.27 for urban households, much smaller than the mean of 0.58 for rural households. Similarly, the mean income elasticities for meat are 0.56 and 0.74 for urban and rural households, respectively. A key question is whether any ruralurban differences in income elasticities remain after controlling for per capita income. The answer to this question might be yes because urban households generally have access to a wider variety of food products than rural households, including processed and pre-prepared foods, have more restaurant options for dining out, and tend to have lower levels of physical activity. We include a dummy variable for urban data to test for rural-urban differences.
Other Data Differences
We use dummy variables to control for four other types of data differences in addition to per capita income and rural-urban differences: (1) how "income" is measured (total household expenditure or total household income); (2) whether the data are for China as a whole or specific regions of China; (3) whether the data are micro-level (household) or aggregate data; and (4) whether the data are cross-sectional, pooled, or panel.
Even though our sample is limited to studies where income is measured by total household expenditure or total household income, there appear to be differences between 11 these two types of studies. In our sample, 90 estimates for cereals are total income elasticities and the rest (53 estimates) are total expenditure elasticities. Meanwhile, 156 observations for meat are total income elasticities and the rest (84) are expenditure elasticities. The mean income elasticities are lower than the expenditure elasticities: mean total income and expenditure elasticities are 0.203 and 0.717 for cereals, respectively, and 0.533 and 0.814 for meat products, respectively. We control for this difference analyses using a dummy variable.
China is a large country with significant regional differences, including heterogeneity in tastes (Yu, Gao and Zeng, 2014) . For example, people tend to consume more rice in southern provinces, while people in the north prefer wheat (Fan et al., 1994) . In the primary studies, some estimates focus on the national level (e.g. Fan et al., 1995; Lewis and Andrews, 1989; Wu et al., 1995) , while others use regional datasets (e.g. Gao et al., 1996; Jiang and Davis, 2007; Liu, 2003; Zheng and Henneberry, 2009) . Table 1 presents the regional differences in income elasticities for each food group. Generally, the mean values reported in Table 1 for income elasticities from nationwide studies are higher than those from regionallevel studies. Most of the regional studies were conducted in more developed areas such as Guangdong, Jiangsu, and Shandong provinces.
Systematic differences in elasticities have sometimes been found depending on whether the data are micro household survey data or aggregate data; and whether the data are cross-sectional, pooled, or panel (Gallet, 2010b; Ogundari and Abdulai, 2013) . Micro household survey data are often considered superior to aggregate data because the former are more compatible with demand theory and may include demographic characteristics that make it possible to test for heterogeneity in preferences across households (Zheng and Henneberry, 2009) . Panel data are often considered superior to cross-sectional data in controlling for unobservable heterogeneities in consumer choice (Deaton, 1985; Yu and Abler, 2009 ).
Modeling and Estimation Differences
We use dummy variables to control for four types of modeling and estimation differences: (1) whether the budgeting process was assumed to be single-stage or multi-stage;
(2) the type of demand system (or lack of a demand system) in the primary study; (3) whether or not the study included controls for demographic characteristics; and (4) the type of estimation procedure in the primary study.
Multi-stage budgeting occurs when a consumer allocates total expenditure in sequential stages, such as a two-stage budgeting model in which the consumer decides on total food expenditure at the first stage and then the quantities of individual food items at the second stage. Multi-stage budgeting requires that the consumer's utility function be weakly separable among groups of goods (Deaton, 1986 ), a restriction that may impact estimated income elasticities. Table 1 indicates that most primary studies adopt multi-stage budgeting, and their mean income elasticity is 0.466 for cereals, which is higher than the mean for single-stage studies (0.247). In contrast, the mean elasticities for meat products are 0.582 and 0.703 for multi-stage and single stage studies, respectively.
While older studies typically used pragmatic (or ad hoc) demand models that had little connection with microeconomic theory, such as a log-linear model, the majority of studies for China during the past two decades have used demand systems based on modern consumer theory. Among demand systems, Lewbel (1991) classifies them according to their rank, i.e.
the maximum dimension of the function space spanned by their Engel curves. All modern demand systems have a rank of two or greater, with Engel curves having the ability to take on increasingly complex shapes as the rank increases. For example, the almost ideal demand system (AIDS) is of rank two while the quadratic almost ideal demand system (QUAIDS) is of rank three. We include dummy variables for whether the primary study used a demand system, and if so whether it was of rank two.
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Demographic variables such as educational levels and the age and gender composition of the household are obviously important determinants of consumption patterns. Whether estimated income elasticities are affected by the inclusion or exclusion of demographic variables is not as clear (Jiang and Davis, 2007) . There are many possible demographic variables and different studies model demographic effects in different ways. For the sake of parsimony, we use a single dummy variable for whether the demand model in a primary study took account of demographic effects. Table 1 
Publication Bias
Publication bias can occur because reviewers and editors may be more likely to accept papers for publication that have results that are statistically significant, large in magnitude, and/or consistent with conventional views; researchers in turn may selectively report results based on their expectations of what reviewers and editors are looking for (Stanley and Doucouliagos, 2012; Walker et al., 2008; Tian and Yu, 2012) . In order to control for potential publication bias, we include dummy variables to distinguish peer-reviewed published studies from unpublished working papers, and from results in book chapters and reports. Similarly,
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we use a dummy variable to control for potential publication bias associated with the language (English or Chinese) of the primary study. collected from English language studies, and the rest are from Chinese language studies.
Meta-Regression Results
The meta-regression results for cereals and meat products are reported in Tables 3 and   4 , respectively. The results across the different econometric specifications (OLS, WLS, and
Box-Cox; full and restricted samples) are generally similar in the signs and significance levels of the estimated coefficients, implying that our results are robust. The adjusted R 2 values for the OLS and WLS models using the restricted sample are larger than their corresponding values for the full sample, indicating that dropping the unusual income elasticity estimates improves the overall fit of the model. The WLS models have higher adjusted R 2 values than the OLS models, which is consistent with the hypothesis that heteroskedasticity exists in these meta-regressions.
[Insert Tables 3 and 4 about nested. Non-nested models can be tested by a general likelihood ratio test developed by Vuong (1989) . [Insert Table 5 about here]
Per Capita Income and Product Differences
For cereals, the log of per capita income, the wheat dummy, and the interaction term between the log of per capita income and the wheat dummy are statistically significant. The results indicate that income elasticities for cereals in general, rice, and coarse grains decline as per capita income increases. The marginal effect for cereals in general is -0.142, so that a doubling of per capita income would lead to a decline of ln(2)×0.142 ≈ 0.10 in the income elasticity. For wheat, the total marginal effect including the interaction term is -0.142 + 0.183 = 0.041, so that the income elasticity for wheat does not decline with per capita income growth. Richer households in China often consume Western-style foods, in which the predominant source of carbohydrates is high-protein wheat, given their convenience (Bai et al., 2014) .
For meat products, the pork dummy, poultry dummy, and the interaction term between the log of per capita income and the pork dummy are statistically significant. The marginal effect for the log of per capita income is -0.055, a relatively small number and not statistically significant. The results imply that income elasticities for meat products as a whole, beef & mutton, and poultry do not change significantly with income growth. For pork, the total marginal effect including the interaction term is -0.055 -0.073 = -0.128, so that a doubling of per capita income would lead to a decline of ln(2)×0.128 ≈ 0.09 in the income elasticity for pork. Section 6 below contains projections of income elasticities at different income levels.
Rural-Urban Differences
Controlling for per capita income, we do not detect statistically significant differences in income elasticities for cereals between rural and urban households. This suggests that the rural-urban differences for cereals in the summary statistics in Table 1 are due mainly to per capita income differences. On the other hand, income elasticities for meat products are higher in urban households even when per capita income is controlled. As noted above, urban households generally have access to a wider variety of food products than rural households, including processed and pre-prepared meat products, and have more restaurant options for dining out. In a study of urban Chinese households, Bai et al. (2013) find that meat's share of food away from home (FAFH) expenditures is significantly greater than its share of food at home (FAH) expenditures. They also find that income elasticities for meat consumed away from home are greater than income elasticities for meat consumed at home. Their results may provide an explanation for our findings.
Results for Other Variables
Regional vs. National Data. The use of national data (as opposed to data for specific regions of China) is associated with higher income elasticities for cereals but lower income elasticities for meat products. As noted above, most of the regional studies were conducted in more developed areas of China. These results may be due to access to a wider variety of food products in the richer eastern provinces, including various types of meat products. As a result households in these provinces may be more likely than households elsewhere in China to consume alternatives to cereals, including meat, as their incomes increase.
Micro vs. Aggregate Data.
The use of micro data (as opposed to aggregate data) does not have a statistically significant impact on income elasticities for cereals, but it is associated with lower income elasticities for meat. Micro survey data are often collected in a single city in which the availability of meat is similar for survey respondents at different income levels.
Aggregate data are typically provincial-level data, and as a province becomes wealthier retailers are likely to find it profitable to offer a greater variety of meats for sale.
Comparisons of meat consumption across provinces capture both genuine income effects at the household level and changes in meat availability at the market level.
Income vs. Expenditure. The results indicate that studies using total income as their measure of income have smaller income elasticities than those using total expenditure. The marginal effect for the total income dummy is -0.409 and -0.678 for cereals and meat, respectively. By definition, total income equals total expenditure plus net savings. If the savings rate increases as income increases (Dynan et al., 2004) , then demand elasticities with respect to total income must be lower than elasticities with respect to total expenditure. Chinese-language studies might arise from the use of different primary study designs or differences in access to data sources.
Projecting Income Elasticities and Demands
Our results can be used to project income elasticities for China. Table 6 [Insert Table 6 about here]
The figures in Table 6 indicate that national-level income elasticities for general cereals and general meat were 0.40 and 0.48, respectively, in 2000 and that they are projected to decline to 0.12 and 0.36, respectively, by 2030. The income elasticity for wheat is projected to rise from 0.46 to 0.59 over this time period, while income elasticities for all other products are projected to decline. As with the summary statistics in Table 1 and the metaregression results in Table 3 , the figures in Table 6 reveal some inconsistencies between the general cereals and meats categories and the individual products that make up these categories. For example, the elasticities for pork, poultry, and beef & mutton are each greater than the elasticity for general meat in 2000, while each is less than the elasticity for general meat in 2010, 2020, and 2030. As noted above, the income elasticity for a group should in theory be a weighted average of the income elasticities for the products in that group. But as also noted earlier, the elasticity estimates for each product come from different sets of studies with different results.
Bearing this in mind, the downward trend for all products except wheat is plausible.
Cereals and meat products are the major calorie sources for Chinese consumers (Yu and Abler, 2009; Tian and Yu, 2013) . As income grows, caloric intakes are reaching a saturation point for most Chinese consumers, and obesity and chronic diseases associated with obesity are becoming public health problems (Tian and Yu, 2013) . In the case of wheat, our results
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are consistent with the westernization of Chinese diets and the associated demand for highprotein wheat (Bai et al., 2014) .
There are many models of global food and agricultural markets used to make The results of this exercise for general cereals, rice, wheat, general meat, and pork are shown in Table 7 . Pork is the predominant meat consumed in China, and specifically more than 60% of the meat consumed in China is pork (Yu and Abler, 2014) . The projections based on constant income elasticities are higher than those time-varying projections except for wheat, which is lower. It comes as no surprise that the differences between consumption values based on time-varying income elasticities and values based on constant elasticities increase over time. By 2030, the percentage differences between the two sets of values are about 11.5% for general cereals, 4.9% for rice, 4.9% for wheat, 4.5% for general meat, and 8.7% for pork. Even though the percentage differences might seem small, particularly for rice and meat, the quantity differences are fairly large, given the sheer size of China's consumption. The quantity differences by 2030 are about 45.9 million tons for general cereals, 11.6 million tons for rice, 12.2 million tons for wheat, 5.4 million tons for general meat, and 6.9 million tons for pork. Given the tight domestic food supply situation in China, incorrect projection could lead to inappropriate agricultural and trade policies that could distort world food markets. It would be advisable to use time-varying income elasticities for consumption projections, especially when gauging long-term consumption.
Conclusions
This study performed a meta-analysis of income elasticity estimates for meat and cereal products in China using a collection of 143 and 240 income elasticity estimates for cereals and meat products, respectively, from 36 primary studies, and used the results to project income elasticities of demand for these products to 2030. We find that income elasticities for all meat products (general meat, pork, poultry, beef & mutton) tend to decline as per capita income increases. The income elasticity for pork, the most important meat 22 product consumed in China, declines faster with per capita income growth than the elasticity for the meat group as a whole. We also find this be true for most cereals (general cereals, rice, and coarse grains) with the exception of wheat. The income elasticity of demand for wheat increases as per capita income increases, which may be due to the westernization of Chinese diets and the associated demand for high-protein wheat (Bai et al., 2014) .
Our results indicate that urban-rural differences do not have a statistically significant impact on income elasticities for cereals, after controlling for per capita income differences between rural and urban areas. However, income elasticities for meat products are significantly higher for urban households than for rural households. This may be due to the fact that urban households have more restaurant options for dining out than rural households, and evidence that meals eaten away from home are more likely to include meat than meals eaten at home (Bai et al., 2013) .
Our results indicate that national-level income elasticities for general cereals and 2. Levels of significance: ***=1%, **=5%, *=10%.
3. The dependent variable in each regression is the income elasticity. 2. Levels of significance: ***=1%, **=5%, *=10%.
3. The dependent variable in each regression is the income elasticity. 
